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Abstract:
As the urban population is expected to grow in the coming decades, there is pressure on urban areas
to expand to accommodate this growth. Often times, these expansions are not sustainable, they
consume valuable lands and cause significant environmental, social, and economic burdens, a theory
which is known as urban sprawl. Therefore it is often imperative to model areas more likely to
urbanize in order for cities to plan for their expansion in the most sustainable way possible.
Nashville, Tennessee located within Davidson County is an area that has been experiencing a
significant period of urban growth. The objective of this case study is to model the urban expansion
of Davidson County in Tennessee for the period of 2017-2040 using a cellular automata model
known as the SLEUTH model. Historical imagery of slope, land use, excluded areas, transportation,
and hillshade of Davidson County for 2001, 2006, 2011, and 2016 were collected and used to
calibrate the SLEUTH model to simulate urban growth for the period of 2017-2040. The urban area
for 2016 was 119.81 mi2 and from the SLEUTH model is said to increase to 121.90 mi2 for 2040.
The urbanization rate during the historical time period (2001-2016) is 11.11% but the SLEUTH
model predicts a much slower urbanization rate during the simulated time period (2017-2040) of
1.59%. This study shows how beneficial the SLEUTH model can be in modeling future urban
growth but highlights a need to model more accurately development within intra urban areas as well
as vertical urbanization within already densely urban regions.
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1 Introduction, Background, and Objective
In today’s world it is estimated that 55.3% of the population lives in urban areas. This is expected to
grow to be 60% by 2030 (UN 2018). In North America, 82% of the population lives within urban
areas (UN 2018). While population and cities grow, there is a planned growth in which there is a
proportion between urban growth and urban organism. However when urban growth outpaces the
planned growth, it puts pressures on the city’s boundaries and forces unsustainable expansion,
commonly known as urban sprawl (Habibi et. al 2011).
Urban sprawl is frequently defined as, “unrestricted growth in many urban areas of housing,
commercial development, and roads over large expenses of land, with little concern for urban
planning. (Fouberg, Murphy, and DeBlij 2012)” However, various case studies have adapted and
morphed that definition based on what is applicable for their own urban sprawl case study (Shao et.
al 2020). Regardless, a common theme to urban sprawl is the expansion of an urban area that
consumes different types of land uses with little thought given to that expansion. For example as
urban areas expand horizontally, cities will sometimes consume valuable agricultural lands which are
at times vital for affordable produce (Livanis et. al 2006). Due to this factor, urban sprawl is deemed
unsustainable and results in social, environmental, and economic issues (Koziatek et al. 2019).
The myriad of environmental consequences of urban sprawl include a decrease in water quality, an
increase in air pollution, an increase in the consumption patterns that require the greater use of fossil
fuels, and the consumption of forestland and farmland (Squires 2002). Outward expansion of urban
areas, leads to an increase in health issues among urban residents, including lung cancer, asthma, and
heart issues (Squires 2002). With urban sprawl the fiscal disparities between communities such as
the hyper-segregation of urban communities and concentration of poverty, become more apparent
(Squires 2002). The consequences named of urban sprawl are just a few of the many.
By understanding the spatial pattern of urban growth and predicting future urban growth, city
planners can use modeling results to help make the expansion more sustainable. Geographic
Information Systems and Remote Sensing is commonly used to model and predict patterns of urban
growth. A dominant cellular automata (CA) model that has been used to model urban growth is
known as the SLEUTH model (Clarke et al., 1998). Integral to the model is the input historical data
of an area which include raster maps of slope, land use, excluded areas, urban extent, transportation,
and hillshade. Within the model are five parameters (growth coefficients) that range from 0-100 that
9

control the growth of the urban areas and they include: dispersion, breed, spread, slope, and road
gravity. In order to predict future urban extent the model must first be calibrated to determine the
appropriate growth coefficients. There are three different calibrations, in which the user narrows
down the range of growth coefficients until the best fit is found. After calibration, the prediction
mode of the SLEUTH model is run which predicts future urban extent for the years specified.
The objective of this case study is to utilize the SLEUTH model to simulate the future
urban expansion of Davidson County in Tennessee. The effectiveness of the SLEUTH model
in its application to Davidson County is explored and future research directions are suggested. This
thesis is presented in five chapters that are outlined below:
Chapter 2 will explore the driving forces behind Davidson County’s urbanization over the past
decades. This chapter will also include a discussion of the SLEUTH model and the different metrics
of this model. Chapter 3 will explore the data sources, data preparation, and the methodology of the
SLEUTH model. Chapter 4 will explore the various results of predicted urban growth within
Davidson County from the SLEUTH model. Chapter 5 will explore shortcomings of using this
model as a predictor of urbanization as well as future suggestions.

2 Study Area, Urbanization of Nashville, and SLEUTH
Model Background
2.1 Study Area
The study area for this project is Davidson County in Tennessee which contains the city of
Nashville. Davidson County extends from 87ᴼ 3’ 19’’ West to 86ᴼ 31’ 22’’ West and from 36ᴼ 24’
20’’ North to 35ᴼ 58’ 7’’ North. Figure 1 shows a Landsat 8 True Color Composite Image of
Davidson County as well as an inset map of its location within the state of Tennessee. Davidson
County is about 336,334 acres and is bisected by the Cumberland River which runs West-East
through the county.
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Figure 1: True Color Image of Davidson County
derived from Landsat 8 Mission and an Inset
Map that shows the location of Davidson
County in Tennessee

2.2 Urbanization of Davidson County, Tennessee
A city that has been rapidly expanding in the last few decades is Nashville, Tennessee. According to
the U.S. Census Bureau, Nashville is the 23rd largest city in the United States. Nashville, Tennessee is
located in the center of Davidson County. According to U.S. Census Bureau the population of
Davidson County has increased about 21.8 % over the last two decades. This population trend from
2000- 2019 is displayed in Figure 2.
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Figure 2: Davidson County Population from 2000 to 2020 derived from ACS 1-Year
Population Estimates from the U.S. Census Bureau and Intercensal estimates
One cause for this population boom is that Nashville’s zoning laws have been very restrictive prior
to the late 1990s (Schneider 2019). They were eased in the late 1990s which allowed for builders to
transform virtually empty lands into new neighborhoods as was the case with the new trendy
neighborhood of the Gulch (Schneider 2019).
In 2014, Smart Growth America released a study that analyzed urban patterns in 221
metropolitan areas and 994 counties in the United States with the purpose of investigating which
areas are more connected and compact and which areas are more sprawling. The four factors that
determined ranking was development density, land use mix, activity centering, and street
accessibility. Nashville, Murfreesboro, and Franklin, Tennessee were defined as the second most
sprawling large metro area (Smart Growth America 2014).
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This expansion has yet to slow down as Nashville is experiencing a technology job boom
with three powerhouses: Amazon, Facebook, and Oracle building centers near Nashville. Amazon
has built a large tech center that has created thousands of jobs in Nashville (Schneider 2019).
Facebook is in the construction phase of an $800 million data center northeast of Nashville that will
create hundreds of high paying jobs (Mazza 2020). More recently, the Oracle Corporation, another
technical giant, received final approval on May 4th, 2021, for a $1.2 billion investment of a 65 acre
riverbank campus (Yu 2021). This is the largest economic development deal that has occurred in
Nashville and will transform the cityscape along the East Bank of the Cumberland River. This deal
hopes to create 8,500 new jobs by the end of 2031. According to the deal, Oracle will receive a 25year, 50% discount in property taxes. In return they will invest $175 million dollars in public
infrastructure which includes building streets, parks, roads, greenways, a pedestrian bridge, and an
expanded sewer system (Yu 2021). Nashville, Tennessee has experienced rapid growth over the last
three decades and is continuing to experience urban expansion. This case study aims to explore in
the future decades where and how quickly Davidson, County will experience this expansion.

2.3 Cellular Automata Modeling for Urban Environments and
the History of the SLEUTH Model
Cellular Automata, or CA, models enact repetitive rules which will cause a cell in a contiguous grid
to either change or remain the same (Batty 1997). Due to its nature, CA models have largely been
used to model urban growth and sprawl. CA models are commonly used to model urban growth
because how cells change mimics city’s expansion specifically because if some change occurs in the
neighborhood of a cell this will impact what is going to happen to the cell of interest (Batty 1997).
The usual components of the CA model are: a raster grid of cells that cover an urban area, a set of
land uses associated with the raster grid of cells, a set of rules that modify how cells change over
time, a mechanism of how the rules will be enacted to govern how a cell will change from one
period to the next, and an initial condition of the grid (Clarke 2008).
The SLEUTH model originated from a cellular automata model that was developed by Dr. Keith
Clarke. The original CA model was used to model wildfires, their characteristics, and how they
spread (Clarke et al., 1993; Clarke et al., 1995). The SLEUTH model was first applied to the San
Francisco Bay area at a coarse resolution of 600 meters (Clarke et al. 1997). This model was released
13

publicly under Project Gigapolis first at New York’s Hunter College and then at the University of
California, Santa Barbara (Clarke et al. 1997). This model is open source and publicly available which
has led to its popularity among urban land use change modeling. Since its inception, the model has
been rereleased with modification and maintenance. The following chapter explores how the
SLEUTH model was downloaded and implemented in this study.

3 Data Sources and Methodology
Chapter 3 will explore the various data that is required for the SLEUTH model. Data sources and
the different methodologies to prepare the data will be explained. As previously mentioned, the six
pieces of data required for this model is slope, landcover, urban extent, excluded lands,
transportation, and hillshade. Various remotely sensed imagery as well as vector data was
downloaded and prepared as inputs for the model.

3.1 Data Sources
The various data sources, extents, types, and acquisition dates used are listed in the table below.
Data

Type

Extent

Source

Date

Raster

Davidson

USGS; Multi-

2001, 2006, 2011, and 2016

County

Resolution Land

Description
Land Cover

Characteristics
Consortium
Davidson
County Outline
Davidson
County
Population

Vector

Davidson

U.S. Census

County

Bureau

Tabular Davidson
County

2020

U.S. Census

2000: Table ID: P1; Decennial

Bureau

Census; 2001-2009: Intercensal
Estimates; 2010: Table ID: P1;
Decennial Census; 2011-2019:
American Community Survey 1
Year Estimates
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Data

Type

Extent

Source

Date

Raster

Davidson

USGS Shuttle

September 23rd, 2014

County

Radar

Description
Digital
Elevation
Model

Topography
Mission (SRTM)

Tennessee

Vector

Tennessee

State of

Hydro Lines

Tennessee STS

and

GIS

November 26th, 2018

Waterbodies
Tennessee

Vector

Tennessee

State Natural

Tennessee State

October 23rd, 2019

Parks

Area
Boundaries
Tennessee

Vector

Tennessee

State Parks

Tennessee State

February 24th, 2021

Parks

Boundaries
TDEC Public

Vector

Tennessee

Access Lands

Tennessee

September 21st, 2020

Department of
Environment and
Conservation

Protected

Vector

Lands
Metro Parks

Vector

Boundaries

May 10th, 2019

Davidson

Greater Nashville

County

Regional Council

Davidson

Nashville Metro

Created February 23rd, 2016.

County

Parks and

Updated October 29th, 2019

Recreation
Roads

Vector

Davidson

U.S. Census

2010

County

Bureau

2016

Table 1: Table that shows the data description, type, extent, source, and dates of the various data
used in this case study.
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3.2 Data
The six base input levels for the SLEUTH model are slope, land use, excluded lands, urban extent,
transportation and hillshade. This section will explore these six factors.

3.2.1 Slope
Digital elevation model imagery was downloaded from the USGS Shuttle Radar Topography
Mission (SRTM), tiles N35 W087, N36 W087, N35 W088, and N36 W088 from September 23rd,
2014. The resulting tiles were mosaiced and clipped down to the extent of Davidson County. Then
the slope tool was used to calculate the slope in percentage. The resulting output is seen in Figure 3.

Figure 3: Map of Slope in Percent Rise derived from
a Digital Elevation Model from STRM
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3.2.2 Land Use
Land Use data was obtained from the National Land Cover Database (NLCD) created by the USGS
Multi Land Use Consortium. The dates that were used for this model were 2001, 2006, 2011, and
2016. The original codes and what land use type they correspond to can be seen in table x. The land
use maps were downloaded for Davidson County and then clipped to the county’s extent. The land
use map for 2001, 2006, 2011, and 2016 for Davidson County can be seen in Figure 4. For the model
only the land use maps for 2001 and 2016 were utilized. Furthermore the codes were reclassified to
new values as seen in Table 2.

Code Description

New Code

0

Unclassified

N/A

11

Open Water

1

21

Developed, Open Space

2

22

Developed, Low Intensity

3

23

Developed, Medium Intensity

3

24

Developed, High Intensity

3

31

Barren Land

4

41

Deciduous Forest

5

42

Evergreen Forest

6

43

Mixed Forest

7

52

Shrub/Scrub

8

71

Herbaceous

9

81

Hay/Pasture

10

82

Cultivated Crops

11

90

Woody Wetlands

12

95

Emergent Herbaceous Wetlands

13

Table 2: The codes that correspond to various land cover
types from the National Land Cover Database
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Figure 4: Map of the Land Cover types in Davidson County
from the National Land Cover Database (NLCD)

3.2.3 Excluded Lands
Excluded lands for the SLEUTH model correspond to lands where urbanization and development
are forbidden. For this case study, data was obtained from various governmental agencies as seen in
Table 1. Excluded areas correspond to metropolitan park boundaries, water bodies, protected lands,
public access lands, state parks, and state natural areas. These were all downloaded as vector data,
joined together, and converted to raster data at a 30m x 30m cell size resolution. Excluded land
pixels were assigned a value of 100 and all the other values were assigned a value of 0. The excluded
lands for this study can be seen in Figure 5.
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Figure 5: Map of the Excluded Lands ; Layer Source:
State of Tennessee STS GIS, Nashville Metro Parks and
Recreation, Tennessee State Parks, Tennessee
Department of Environment and Conservation, and
Greater Nashville Regional Council

3.2.4 Urban Extent
Urban extent for this study was obtained from the land cover imagery from the National Land
Cover Database. The categories that were used for the urban extent are: developed- low intensity,
developed- medium intensity, and developed- high intensity. The urban land classes were reclassed
and assigned a value of 100 and all other cells were assigned a value of 0. The urban extent maps for
2001, 2006, 2011, and 2016 are seen in Figure 6.
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Figure 6: Maps of Urban areas in Davidson County for 2001,
2006, 2011, and 2016 derived from NLCD Landcover data

3.2.5 Transportation
The transportation data for this study was obtained from U.S. Census Bureau for the years 2010 and
2016. They were converted to raster data at a 30mx30m cell size resolution. Road pixels were
assigned a value of 100 and all the other values were assigned a value of 0. The road data files for
this study can be seen in Figure 7. (See note in Limitations section about the transportation files)
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Figure 7: Road data map of Davidson County; Layer Source: U.S. Census Bureau

3.2.6 Hillshade
The output imagery that the SLEUTH model produces uses hillshade imagery to provide spatial context. A
hillshade image was obtained from the slope image that was produced. A hillshade image of Davidson
County is seen in Figure 8.

Figure 8: Hillshade map of Davidson County derived
from a Digital Elevation Model from STRM
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3.3 Downloading and Running the SLEUTH Model
This subsection will go into detail how the model was downloaded and the processing flow. This
processing flow is seen in Figure 9. After downloading and preparing the data, there are three distinct
modes of the SLEUTH model: test, calibrate, and predict.

Figure 9: A figure that displays the processing flow of the SLEUTH Model.

3.3.1 Downloading the SLEUTH Model
The SLEUTH model is a C program that runs under UNIX. Cygwin, a Windows UNIX emulator,
was downloaded to run the model. The SLEUTH model is available and was downloaded from
Project Gigalopolis (ucsb.edu). The model is then unzipped and compiled by using the “make”
command. More information about getting the model downloaded and set up can be found at:
Project Gigalopolis (ucsb.edu).

3.3.2 Downloading and Preparing Data Inputs
The data for the model has already been explained in section 3.2. This subsection will explore how
the data was formatted to run in the model. All data inputs were saved in grey scale GIF format
using ArcGIS Pro. They each have the same projection of: NAD 1983 State Plane Tennessee FIPS
4100 (Meters). Furthermore the inputs have the same resolution with the same row and column
count (1722 rows by 1722 columns). A sample input data of the excluded gif file is seen in Figure 10.
(Note: Due to the image requirement of having the same number of rows and columns, areas
beyond the extent of the boundary of Davidson County is included in the GIF Image)
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Figure 10: GIF of the excluded land file of Davidson
County
The data gif inputs need to be placed in the input directory folder of the SLEUTH model.
Moreover, the naming format of the input data is seen in Table 3. The naming format is imperative
to the model running successfully.
Data Name
Davidson.sleuth.gif
Davidson.landuse.2001.gif
Davidson.landuse.2016.gif
Davidson.excluded.gif
Davidson.urban.2001.gif
Davidson.urban.2006.gif
Davidson.urban.2011.gif
Davidson.urban.2016.gif
Davidson.roads.2001.gif
Davidson.roads.2001.gif
Davidson.hillshade.gif
Table 3: Naming Format
of Input Data
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For the calibration mode, the data was resampled at three different scales for the three calibration
modes. For the coarse calibration mode the data was resampled at 90 m, for the fine calibration
mode the data was resampled at 60m, and for the final calibration a resolution of 30 m was used.

3.3.3 Growth Coefficients
The five coefficients of the model that affect how the growth rules of this model behave are the:
dispersion coefficient, breed coefficient, spread coefficient, slope coefficient, and the road gravity
coefficient. Within the calibration phase of the model these coefficients are modified to find the best
fit results. Below are descriptions of each of these coefficients from Project Gigalopolis (ucsb.edu):
1. Dispersion coefficient: “controls the number of times a pixel will be randomly selected for
possible urbanization.”
2. Breed coefficient: “determines the probability of a spontaneous growth pixel becoming a
new spreading center.”
3. Spread coefficient: “determines the probability that any pixel that is part of a spreading
center (a cluster of urban pixels > 2 in 3x3 neighborhood) will generate an additional urban
pixel in its neighborhood.”
4. Slope coefficient: The slope of a location is looked at when a pixel is being considered for
urbanization. “If the slope coefficient is high, increasingly steeper slopes are less likely to
urbanize. As the slope coefficient gets closer to zero, an increase in local slope has less effect
on the likelihood of urbanization. This relationship is seen in Figure 11.”
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Figure 11: Relationship between the probability of
urbanization and percent slope at pixel relationship
and the effect of the slope coefficient. Figure
Source: Project Gigalopolis (ucsb.edu)
5. Road gravity coefficient: “the maximum search distance for a road from a pixel selected
for a road trip is determined as some proportion of the image dimensions.
More information about the growth coefficients and how they are applied can be found here:
Project Gigalopolis (ucsb.edu)

3.3.4 Growth Rules
When predicting future urban extent, growth rules are applied that simulate the urban driven land
cover change. There are four growth rules: spontaneous growth, new spreading centers, edge
growth, and road influenced growth that run in succession. Below are descriptions that are from
Project Gigalopolis (ucsb.edu):
1. Spontaneous Growth: This rule correlates to the occurrence of the random urbanization of
a pixel. This means, “that any non-urbanized cell on the lattice has a certain (small)
probability of becoming urbanized in a time step.” This is controlled by the dispersion
coefficient. An example of spontaneous growth can be seen in Figure 12.
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Figure 12: Graphic of the Spontaneous Growth
Rule. Figure Source: Project Gigalopolis (ucsb.edu)
2. New Spreading Centers: This step, “determines whether any of the new, spontaneously
urbanized cells (from the spontaneous growth) will become new urban spreading centers.”
This is controlled by the breed coefficient. An example of the new spreading centers can be
seen in Figure 13.

Figure 13: Graphic of the New Spreading Centers
Rule. Figure Source: Project Gigalopolis (ucsb.edu)
3. Edge Growth: This rule will determine the occurrence of urban growth from already
existing spreading urban centers. An example of the edge growth rule can be seen in Figure
14.
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Figure 14: Graphic of the Edge Growth Rule.
Figure Source: Project Gigalopolis (ucsb.edu)

4. Road Influenced Growth: This rule uses existing transportation infrastructure as well as
urbanization defined from rules 1-3. “newly urbanized cells are selected, and the existence of
a road is sought in their neighborhoods. If a road is found within a given maximal radius of
the selected cell, a temporary urban cell is placed at the point on the road that is closest to
the selected cell. Next, this temporary urban cell conducts a random walk along the road (or
roads connected to the original road) where the number of steps is determined by the
parameter dispersion coefficient. The final location of this temporary urbanized cell is then
considered as a new urban spreading nucleus. If a neighboring cell to the temporary
urbanized cell (on the road) is available for urbanization, it will happen (randomly picked
among possible candidates). If two adjacent cells to this newly urbanized cell are also
available for urbanization it will happen (randomly picked among candidates).” An example
of the road influenced growth rule can be seen in Figure 15.
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Figure 15: Graphic of the Road Influenced Growth
Rule. Figure Source: Project Gigalopolis (ucsb.edu)
The four aforementioned growth rules control how non-urbanized cells may be converted to
urbanized cells. These rules act in each growth cycle and are controlled by the aforementioned five
growth coefficients: dispersion, spread, breed, slope, and road gravity. The relationship between the
four growth rules and five growth coefficients are seen in Figure 16.

Figure 16: Relationship between Growth Coefficients and Rules. Figure Source: (Liu et. al 2019)

More information about the growth rules, growth coefficients, and how they are calculated can be
found here: Project Gigalopolis (ucsb.edu).
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3.3.5 Test Mode
The three main modes of the model are test, calibrate, and predict. Each of these modes are run
using a scenario file. These scenario files contain text which allows a user to modify the coefficient
values, name the input and output directories, assign colors to the outputs, and control other factors
in the model. The scenario files are included in the model and is modified by the user for their
specific case study. A sample scenario file for this case study for the test mode is in Appendix A.
After the data has been formatted and inputted, the model is compiled, then a test run of the
SLEUTH model is done.
The SLEUTH model is run in test mode by using the following command:
…/grow.exe test scenario.davidson_test
The test mode applies random growth coefficients to the data to ensure that all the data inputs are
formatted properly. Test mode performs a single run through of the data to ensure that the model is
performing correctly.

3.3.6 Calibration Mode
Calibration is arguably the most important mode of running the SLEUTH model because it ensures
realism, accountability, and repeatability of the model. It ensures that the model is well trained and
that it matches the historical data.
The SLEUTH model is conducted in Monte Carlo mode, so it runs through the time period
specified and is iterated a number of times that is specified by the user.
Coefficients are modified by using the Lee-Sallee metric. As the model runs from the start year of
the historical period of 2001 to the end year of the historical period of 2016, the Lee-Sallee metric is
calculated for the number of iterations specified. As the model is running through the various years
the Lee Sallee metric describes the spatial union between the historical input urban data and the
model simulated urban data (Dietzel et al. 2006). Values closer to 1 is a perfect fit between the
model simulated image of urban area and the historical image of urban area. Values closer to 0
indicated that the model prediction is unmatched to the historical image.
The three calibration modes of the model are coarse, fine, and final. The model is first run using a
coarse calibration mode, then the five growth coefficients are refined and the model is again run
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through the fine calibration mode, then the five growth coefficients are refined again, and finally the
mode is run through the final calibration mode. This refinement process is described below. After
the three calibration modes, the coefficients are narrowed down and the prediction mode is run to
produce the output imagery and statistical data files necessary for the prediction results. The goal of
the calibration modes are to narrow the growth coefficients down to a very narrow range where the
Lee Sallee metric for the chosen coefficients are close to one which indicates that as the model is
producing simulated urban areas for the years of interest, it is producing simulated urban extents for
the years 2006, 2011, and 2016 that are similar to the historical urban extents that are provided for
the years 2006, 2011, and 2016.
A. Coarse Calibration
For the coarse calibration, the data inputs are resampled to a resolution of 90 meters. Within the
scenario file the START, STOP, and STEP values are 0, 100, and 25. The amount of Monte Carlo
iterations was designated as 4. This was entered in the scenario file as seen in Figure 17.

Figure 17: Section of the scenario
file for the coarse calibration which
shows the start coefficient ranges.
ranges.
The input (90m resolution) data is placed in the input directory and the model is run using the
following code:
…/grow.exe calibrate scenario.davidson_calibrate
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The coarse calibration ran for 5 hours. The output file that is used for calibration is the file
control_stats.log. The file is opened in Excel and it is sorted in descending order by the Lee Sallee
metric column. The first five rows of this file is seen in Table 4.
Run
270
271
272
273
274

Product
0
0
0
0
0

Compare
0.87439
0.87439
0.87439
0.87439
0.87439

Pop
0.99
0.99
0.99
0.99
0.99

Edges
0.99344
0.99344
0.99344
0.99344
0.99344

ClustersSize
0.9988 0
0.9988 0
0.9988 0
0.9988 0
0.9988 0

Leesalee
0.87844
0.87844
0.87844
0.87844
0.87844

Slope %Urban Xmean
0.97 0.98397 0.9642
0.97 0.98397 0.9642
0.97 0.98397 0.9642
0.97 0.98397 0.9642
0.97 0.98397 0.9642

Ymean
0.8349
0.8349
0.8349
0.8349
0.8349

Rad
1
1
1
1
1

Fmatch
0.9476
0.9476
0.9476
0.9476
0.9476

Diff
1
1
1
1
1

Brd Sprd Slp
50 1
100
50 1
100
50 1
100
50 1
100
50 1
100

RG
1
25
50
75
100

Table 4: First five rows of the control_stats.log file after the coarse calibration mode run sorted in
descending order by the Lee Sallee metric. The top 5 Lee Sallee metric values are bolded. The
coefficients of interest are highlighted in yellow.
The values of interest are the five initial coefficient values: Diff for the dispersion coefficient, Brd
for the breed coefficient, Sprd for the spread coefficient, Slp for the slope coefficient, and RG for
the road gravity coefficient. To choose the coefficients that will then be used for the fine calibration,
the lowest values of the coefficient will be set to the START value of the coefficient of the fine
calibration scenario file and the highest values of the coefficient across the top five runs will be set
to STOP value of the coefficient of the fine calibration scenario file. The STEP value increments
between the START and STOP value 4-6 times. If only one coefficient value is shown for a certain
coefficient as seen through dispersion, breed, spread, and slope , START, STOP, and STEP values
are chosen that will explore the coefficient values around the one value. For the road gravity
coefficient because the values are between 1-100, exploration is done around the middle range of 2575 with a step value of 10. Table 5 shows the Start, Stop, and Step values chosen for the fine
calibration.
Coefficient

(START - STOP,
STEP Values)

Dispersion

(0 - 20, 5)

Breed

(40 - 60, 5)

Spread

(0 - 20, 5)

Slope

(75 - 100, 5)

Road Gravity

(25 - 75, 10)

Table 5: Coefficient ranges
chosen for the fine calibration.
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B. Fine Calibration
For the fine calibration, the data inputs are resampled to a resolution of 60 meters. The amount of
Monte Carlo iterations was designated as 7. The scenario file is modified using the coefficient ranges
obtained from the coarse calibration (Figure 18).

Figure 18: Section of the scenario file for the
fine calibration which shows the coefficient
ranges obtained from the coarse calibration.
All the files from the coarse calibration is moved to another folder. The resampled 60m input data is
placed in the input directory and the model is run using the following code:
…/grow.exe calibrate scenario.davidson_calibrate
This calibration ran for 23 hours. Again, the control_stats.log file is sorted in descending order from
the Lee Sallee metric (Table 6).
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Run Product Compare Pop
750
0 0.87178
1
751
0 0.87178
1
752
0 0.87178
1
753
0 0.87178
1
754
0 0.87178
1

Edges
0.993
0.993
0.993
0.993
0.993

Clusters Size Leesalee Slope %Urban Xmean Ymean Rad
0.99989
0 0.87815 0.943 0.9701 0.9981 0.8859 0.99
0.99989
0 0.87815 0.943 0.9701 0.9981 0.8859 0.99
0.99989
0 0.87815 0.943 0.9701 0.9981 0.8859 0.99
0.99989
0 0.87815 0.943 0.9701 0.9981 0.8859 0.99
0.99989
0 0.87815 0.943 0.9701 0.9981 0.8859 0.99

Fmatch Diff Brd Sprd Slp RG
0.9475
1 60
1 100 25
0.9475
1 60
1 100 35
0.9475
1 60
1 100 45
0.9475
1 60
1 100 55
0.9475
1 60
1 100 65

Table 6: First five rows of the control_stats.log file after the fine calibration mode run sorted in
descending order by the Lee Sallee metric. The top 5 Lee Sallee metric values are bolded. The
coefficients of interest are highlighted in yellow.

The values for the coefficient range for the final calibration is chosen in the same manner as
described above for choosing the coefficient ranges for the fine calibration from the coarse
calibration (Table 7).
Coefficient

(START - STOP,
STEP Values)

Dispersion

(1 - 5, 1)

Breed

(57 - 62, 1)

Spread

(1 - 5, 1)

Slope

(95 - 100, 1)

Road Gravity

(25 -75, 10)

Table 7: Coefficient ranges
chosen for the final calibration.
C. Final Calibration
For the final calibration, data at a 30 meter resolution is used. The amount of Monte Carlo iterations
was designated as 8. The scenario file is modified using the coefficient ranges obtained from the fine
calibration (Figure 19).
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Figure 19: Section of the scenario file for the
final calibration which shows the coefficient
ranges obtained from the fine calibration.
All the files from the fine calibration is moved to another folder. The resampled input data is placed
in the input directory and the model is run using the following code:
…/grow.exe calibrate scenario.davidson_calibrate
This calibration ran for 108 hours. Again the control_stats.log file is sorted in descending order from
the Lee Sallee metric (Table 8).
Run Product
552 0
553 0
554 0
555 0
556 0

Compare
0.86943
0.86943
0.86943
0.86943
0.86943

Pop
1
1
1
1
1

Edges
0.999
0.999
0.999
0.999
0.999

Clusters Size Leesalee Slope
0.1706 0 0.87996 0.93
0.1706 0 0.87996 0.93
0.1706 0 0.87996 0.93
0.1706 0 0.87996 0.93
0.1706 0 0.87996 0.93

%Urban
0.94868
0.94868
0.94868
0.94868
0.94868

Xmean Ymean
0.975 0.8793
0.975 0.8793
0.975 0.8793
0.975 0.8793
0.975 0.8793

Rad
0.99
0.99
0.99
0.99
0.99

Fmatch Diff
0.9482 1
0.9482 1
0.9482 1
0.9482 1
0.9482 1

Brd Sprd
60 1
60 1
60 1
60 1
60 1

Slp
97
97
97
97
97

RG
25
35
45
55
65

Table 8: First five rows of the control_stats.log file after the final calibration mode run
sorted in descending order by the Lee Sallee metric. The top 5 Lee Sallee metric values are
bolded. The coefficients of interest are highlighted in yellow.
After sorting, the coefficient values from the top Lee Sallee metric are chosen as both the START
and STOP values. The step values are assigned to be one (Table 9).
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Coefficient

(START - STOP,
STEP Values)

Dispersion

(1 - 1, 1)

Breed

(60 - 60, 1)

Spread

(1 - 1, 1)

Slope

(97 - 97, 1)

Road Gravity

(25 - 25, 1)

Table 9: Coefficient ranges chosen
for the Forecast Coefficient Run.
D. Forecast Coefficient Run
For the prediction run, the STOP values from the best calibrated coefficients (derived from the
coarse, fine, and final calibration) are needed. In order to do this, the SLEUTH model is run again
(using the 30m resolution data) for the historical time period, using the coefficients from the final
calibration. The Monte Carlo iterations is set to 100. The scenario file is modified using the
coefficient ranges obtained from the final calibration as seen in Figure 20.

Figure 20: Section of the scenario file for the
forecast coefficient run which shows the
coefficient ranges obtained from the final
calibration.
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It is imperative in the scenario file to ensure that the “avg” file will be created by denoting yes in the
scenario file. All the files from the final calibration is moved to another folder. The input data is not
changed and the model is run using the following code:
…/grow.exe calibrate scenario.davidson_calibrate
In order to get the coefficient values for the prediction mode of this model, the avg.log file is used.
The avg.log file is seen in Table 10.

year
2006
2011
2016

index
1
2
3

diffus
1
0.09
1

spread
1
0.09
1

breed
1
0.09
1

slp_res
100
100
100

rd_grav
23.54
21.72
19.89

Table 10: Selected columns of the avg.log file from the Forecast Coefficient Run. The
coefficient values of interest are highlighted.

For the stop year of the historic data, 2016, the difffus, breed, spread, slp_res, and rd_grav values are
obtained. They are then rounded to the nearest whole number. These coefficient values which will
be used for the prediction mode are seen in Table 11.
Coefficient

Values

Dispersion

1

Breed

1

Spread

1

Slope

100

Road Gravity

20

Table 11: Coefficients chosen for
prediction mode.
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3.3.7 Prediction Mode
The prediction mode of the model is now ready to be executed after a few modifications. The input
directory remains the same, the output directory is changed, and the scenario file growth coefficients
are modified in the scenario file as well as the prediction years as seen in Figure 21.

Figure 21: Section of the scenario file used for prediction mode which
shows the coefficient values obtained from the Forecast Coefficient Run
The prediction mode of the model is run using the following code:
…/grow.exe predict scenario.davidson_predict
The outputs include an average, log, coefficient, and memory files as well as the urban growth extent
files for the years 2017-2040.

4 Results and Discussion
The prediction mode of the SLEUTH model produced urban extent maps for the years 2017-2040.
These urban extent maps were imported into ArcGIS for visualization and presented in Figure 22.
The first column shows the historical urban extents while the second and third column shows
selected years of output urban extent.
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Figure 22: Urban Extent Maps for the historical years (2001-2016) and for the modeled years
(2017-2040)
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The total urban extent for 2001 was 107.91 mi2. By the end of the historical period, 2016, the total
urban extent was 119.81 mi2. The percent change during this period is 11.11% (Figure 23 and Table
12). By comparatively looking at the simulated time period of 2017 to 2040, the urban extent for
2040 is 121.90 mi2. The percent change during the simulated period is 1.59%. When looking at the
area of urban extent from 2001 to 2040, the increase in urban extent begins to plateau during the
simulated modeled years (Figure 23).

Figure 23: Area of Urban Extent for Davidson County for the historical years (2001-2016) and for
the modeled years (2017-2040)

Furthermore when looking at the percent increase of urban area at 5 year intervals it can be seen
that during the historical period the 5 year urbanization percentage rates ranged from 1.98%-5.93%
(Table 12). However during the simulated years the urbanization percentage rates ranged from
0.30%-0.37% (Table 12).
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Year

Urban Extent
(Square Miles)

Change
Percent
(Square Miles) Increase

2001
2006
2011
2016
2021
2026
2031
2036
2040

107.83
114.23
117.49
119.81
120.26
120.71
121.11
121.54
121.90

6.39
3.27
2.32
0.45
0.44
0.41
0.43
0.36

5.93%
2.86%
1.98%
0.37%
0.37%
0.34%
0.35%
0.30%

Table 12: Percent Change of Urban Extent for Davidson County for the historical years (20012016) and for the modeled years (2017-2040)

This suggests that the rate at which Davidson County is urbanizing will be rapidly declining in the
near future. One reason for the declined horizontal urban growth may be that the city is building
upward and not outward. This idea of vertical growth within Davidson County is discussed below in
section 5.3.3.
Figure 24 is a SLEUTH model output that was brought into ArcGIS of an urban probability map
from 2040 which shows pixels that are more or less likely to urbanize. The areas that have a higher
probability to urbanize exist along the outer urban fringes.
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Figure 24: Probability of Urbanization for 2040 for Davidson County

The already urban category is the urban extent for the end of the historical time period 2016 which
is 119.81 square miles. The likelihood of urbanization for the shown probability map ranges from
1% to 30 %. This is a rather low likelihood to urbanize. Table 13 shows the expected probabilities of
urbanization and the percent increase of that urbanization. Urban areas have a 1-10% probability of
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increasing by 32.49 mi2 or 27.12%. It has a 10-20% chance of increasing by 3.43 mi2 or 2.86%.
Urban areas have the highest probability of 20-30% by increasing by 0.11 mi2 or 0.09%.

Probability to Urbanize

Area
(mi2)
1-10 % Probability to Urbanize 32.49
10-20 % Probability to Urbanize 3.43
20-30 % Probability to Urbanize 0.11

Percent
Increase
27.12%
2.86%
0.09%

Table 13: Probability to Urbanize and Percent Increase of Urbanization
for 2040 for Davidson County
There is a lot of land in northern and western Davidson County that is not urban where
urbanization may be expected to occur. This can be explained by the influence of the critical slope.
The critical slope is a percent slope threshold when urbanization is impossible. One of the output
files available for this model is the log of slope weights, a portion of which is seen in Figure 25. This
shows that the critical slope is 15%.

Figure 25: Log of Slope Weights Output from Prediction Mode

Figure 26 shows a classified map of percent slope from 0-15% and 15% or greater of Davidson
County. This shows that large portions of northern and western Davidson County are unsuitable to
urbanize due to the occurrence of the critical slope.
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Figure 26: Classified Map of Percent Slope of Davidson County
highlighting areas of Critical Slope
The SLEUTH model produced urban outputs that predict that urbanization will slow down
throughout Davidson County. A large reason for the lack of urban expansion is that many of these
areas have a slope that is deemed unsuitable to be built on.

5 Limitations, Future Research, and Conclusions
5.1 Limitations
5.1.1 Road Data Unavailability
A limitation to this study is due to the unavailability of road data. Ideally for this study, road data
would be obtained for the seed start year of 2001 and for the year 2016. The closest and nearest year
43

available to 2001 for Census derived roads was for 2000. These roads were archived in .RT format
that were then converted to shapefiles in QGIS. However when comparing the 2000 road file to the
2016 Census derived road data there was a significant discrepancy with the data. The existing roads
were not matching up and because of the nature of this model it is imperative that they do. This
discrepancy is seen in Figure 24. Due to this, the nearest year that was available was 2010. However,
due to the nature of this model there needs to be road data applied to the seed start year therefore
the 2010 road data was applied to the year 2000. This means that the potential road growth rule
results may be skewed because the potential road growth between 2000 and 2016 only accounts for
the road growth from 2010 to 2016. Ideally if this study is run again more refined road data would
be inputted.

Figure 27: Data Discrepancies between 2000 and 2016
Census Derived Roads of Davidson County

5.1.2 Lack of Modeling Intra-Urban Categories
This case study has focused on modeling urbanization at a county level however more and more
urban planners have been focusing on modeling intra urban land use change at the local level. Intra
urban land use change is important because it can improve understanding of local-scale urban
development (Zhang 2). Intra urban land use change looks specifically at the urban ecosystem and
breaks it down categorically and models how different urban categories are changing through time
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(Zhang 2). A limitation to this study is that the SLEUTH urban growth model only predicts urban
areas and does not simulate intra urban areas. The inputs for the model are urban areas in a binary
file of urban areas and non-urban areas. The data input of urban areas, have land categories of low,
medium, and high intensity of developed land. However since the model requires only a binary input
of urban or nonurban these categories were combined to one urban category. Furthermore, the
model prediction outputs a predicted urban area and again does not predict intra-urban categories.
An issue with this is that there may be changes in urbanization within Davidson County on already
developed land. This means the model does not allow for an area that is changing from a low
intensity developed area to a high intensity developed area to be shown or predicted. There may be
intra urban changes, however due to the nature of the model it is not seen. To explore this concept
the land cover input data from which the urban area was derived from was used within an
exploratory analysis. A change detection analysis was done to look at the different lands that
experienced development from 2001 to 2016. Figure 28 is a matrix of the developed lands and how
they changed from 2001 to 2016. For example, 0.95 mi2 of low intensity developed land was
converted to high intensity developed land from 2001 to 2016. This shows that there are intraurban
changes that are occurring during the historical time period which may also be happening during the
simulated time period but it is not being modeled or observed.

2016

2001

Developed,
Open Space
Developed, Open
Space
Developed, Low
Intensity
Developed, Medium
Intensity
Developed, High
Intensity

Developed,
Low Intensity
0.59 mi2

0 mi2
0 mi2

0 mi2

0 mi2

0 mi2

Developed,
Medium Intensity

Developed,
High Intensity

2.56 mi2

.47 mi2

0.92 mi2

0.95 mi2
0.09 mi2

0 mi2

Figure 28: Matrix that shows the Areal Change in Developed Lands in Davidson County (2001-2016)
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5.2 Further Research
5.2.1 Modifying the Model Inputs to Better Suit Reality
In this case study all of the inputs except the slope, land use, and hillshade GIFs were entered as a
binary file. For roads, pixels were assigned 100 if they were a road and 0 if they were not road. For
urban extent, pixels were assigned 100 if they were classified as urban and 0 if they were not
classified as urban. For excluded lands, pixels were assigned 100 if they were classified as excluded
and 0 if they were not classified as excluded. While the urban GIFs need to be a binary file, both the
road and exclusion GIFs can be modified to be more representative of reality and model potential
urban planning situations. The road input file can be modified to apply weights so that different
values will apply to different road types (i.e. 1 for secondary roads, 2 for primary roads, 3 for
highways, and 4 for superhighways). This will cause the higher values for highways to have a larger
impact on the urban modeling.
The excluded layer can be modified to include values in a range between 0-100 to model likelihood
to become urban. For example, values below 50 would equate to lands that are more likely to
develop (i.e. marshland) while values between 50 and 100 would equate to lands that are less likely to
develop (i.e. natural areas). This would be especially beneficial for modeling scenarios with aim to
protect environmental areas. In future studies, by including the various types of roads as well as
lands that are more and less likely to develop in the excluded layer would help model urbanization in
a more realistic setting.

5.2.2 Comparing Modeled Urban Growth to Actual Urban Growth
In the coming years, it would be very beneficial to compare the simulated model growth to the
actual urban growth of Davidson County. By comparing extents of both, one can assess the model’s
accuracy. Moreover, this comparison would indicate specific areas in Davidson County where the
model does not match up to the proposed growth and this may highlight specific building trends
that are occurring there.
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5.2.3 Vertical Growth
As previously mentioned, urban sprawl is deemed unsustainable and results in social, environmental,
and economic issues (Koziatek et al. 2019). A proposed alternative to this unsustainable urban
sprawl, is densification of cities, commonly known as urban compactness (Koziatek et al. 2019).
Building compact growth in cities promotes urban areas that grow in a vertical direction (Koziatek et
al. 2019).
Geographic Information Systems and Remote Sensing Imagery has been used to analyze both
horizontal and vertical urban expansion. Remote Sensing has commonly been used to analyze and
extract building height to model vertical growth. Estimating vertical growth through remote sensing
can be grouped into three areas based on data type: LiDAR, high-resolution optical images, and SAR
images (Chen et al. 2020). Many models have been developed using these images to estimate vertical
building height.
An area that is worth exploring when looking at the urbanization of Davidson County is exploring
that of vertical urbanization. A very preliminary analysis follows below. Building footprints for the
years 2005 and 2020 were provided by the Nashville Metro Department of Planning. A fishnet grid
of 300x300 meter cells were created in ArcGIS Pro. Next the tool Summarize Within tool was used
to sum the building height for each cell for 2005 and 2020, respectively. The sum of the building
heights per cell for the two years were then subtracted from each other. This difference in building
height per cell between the two time periods can be seen in Figure 29. For context, a map of the
Community Planning Areas of Metropolitan Nashville and Davidson County can be seen in Figure
30. There are pockets of building height growth that occurs in North Nashville, Downtown
Nashville, West Nashville, Southeast Nashville, Southeast, and Antioch-Priest Lake.
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Figure 29: Map of the building height change
per 300 meter cell derived from building
footprints between the years 2005 and 2020.

Figure 30: Map of Community Planning Areas of
Metropolitan Nashville and Davidson County
Source: Metropolitan Nashville Planning
Department

A summary table of the total positive and negative building growth can be seen in Table 14. The total
positive increase in building height is approximately 1.3 million feet.

Type of

Number

Total Horizontal Area that experience

Building Height Growth

Change

of Cells

Vertical Growth

Negative

33626

3,026,340 km2 and 1,168,476 mi2

-208,160 feet

No Change

84117

7,570,530 km2 and

0

2,922,998 mi2
Positive

46447

4,180,230 km2 and

1,325,475 feet

1613996 mi2
Table 14: Table of the building height change per 300 meter cell summarized to negative, no
change, and positive change.

This data exploration is very preliminary in nature and has a large margin for error. However this
preliminary analysis highlights the need to further analyze the vertical urban growth in Davidson
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County. Analysis of the historic vertical building expansion of Davidson County will help to develop
models that can predict vertical urban growth. These vertical urbanization models will help provide a
more complete image of urban growth in Davidson County in the coming future decades.

5.3 Conclusions
As urban areas grow in the near future, they often do so in an unsustainable way, known as urban
sprawl, resulting in detrimental social, economic, and environmental consequences. Urban sprawl
occurs because there is often very little thought put into planning future expansion. Urban growth
models are a valuable tool that can help city planners because they can simulate future expansion.
This case study aimed to predict future urban extent in Davidson County by using the SLEUTH
model. At the end of the historical time period (2016) urban extent was estimated to be 119.81 mi2.
By the end of the simulated future years (2040), urban extent was estimated to increase to 121.90
mi2. During the historical period, urban extent increased at a rate of 11.11% and during the
simulated years, urban extent increased at a rate of 1.59%. While urban growth is not being
predicted to expand as rapidly as it did during the historical period of 2001 to 2016, there is future
urbanization to occur within Davidson County.
To better understand the implication of these results, future studies need to address the accuracy of
the model outputs by comparing the simulated urban growth to the actual urban growth. Also the
model inputs of the transportation and excluded layer can be modified to better represent reality in
more detail and also to model different planning scenarios within Davidson County.
Nashville, TN which lies in the center of Davidson County is already very urbanized and dense.
Further research is needed to look at the vertical urbanization of Davidson County. A drawback of
this case study is that the SLEUTH model is limited in modeling urbanization in a binary fashion
and is not able to predict intra urban land use changes.
Beyond the scope of this project, but is also necessary, is to explore the implications of Davidson
County’s urbanization on social, economic, and environmental sustainability.
This case study highlights the growth that has already occurred in Davidson County and also the
growth that is predicted to occur by using the SLEUTH model. The simulation modeling that is
being utilized in this study can be useful tools in Davidson County to highlight areas of possible
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growth to ensure that the growth that will occur can be done in a sustainable way. However, further
modeling is needed to look at the vertical urbanization as well as the intra urban land use changes in
Davidson County to ensure that these expansions are occurring sustainably as well.
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